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ABSTRACT

The genetic variant calling from genome data relies on various pipelines of computational tools to account for systematic differences in the genome data of
different species. In particular, the base quality score recalibration (BQSR) In the pipeline Is a pre-processing step that leverages a large database of known
variants called dbSNP. While these pipelines are expected to be applicable in a species-independent manner, they have not been carefully evaluated with
non-human data. To investigate the impact of the dbSNP on BQSR, we analyzed genomic sequencing data from four different species: human, sheep, rice,
and chickpea. Unexpectedly, the recalibrated scores and the error rate obtained by BQSR were biased by the size of the dbSNP and its builds. To address
this Issue, we suggest an alternative to the dbSNP by constructing a pseudo-database for various species based on the sequence data.

1. Introduction

3. Construction of pseudo-database

= We suggest a method of constructing a database when there is no database or the

Quality of a base can be expressed In terms of Phred score as existing database does not contain enough number of variants [Fig. 2].
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We proposed a recalibration method when the number of variants in a databases iIs not Fig 2 : The schematic flow chart of current BQSR step(left) and the proposed step(right).

enough, and compared the result of the doSNP with the proposed method. Step 1: Perform variant calling by using a variant calling pipeline, such as GATK, without BQSR
step to obtain a variant call format file(\VCF) that contains variants called by the pipeline without
BQSR step.
Step 2: Perform the variant calling again including BQSR step by using the VCF as the database

I I . Mate rials and method for the known variants.

1. Data acquisition

Human: FASTQ : 1000 Genomes Project
= reference sequence : GRCh38(Genome Reference Consortium Human Build 38)

1. Experimental result
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= reference sequence : Car_ref_ASM33114V1 Fig 3 : (a) Box plots of the error rate estimated by using the latest build dbSNP of four species. (b) Box
= dbSNP : dbSNP Build 146(Cicer arietinum) of 327K variants plots of error rates of chickpea, rice and sheep with pseudo database constructed by using 150, 15 and 10

samples respectively, together with that of human with doSNP.

= Error rate estimated by using the pseudo database i1s comparable with that by using the

2. Data analysis _
human dbSNP [Fig. 3].
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il O sheep versus different sample fractions. The recalibration results were closely relative to the size of dbSNP.
A rice We proposed a method to create a pseudo database when the size of the dbSNP is not
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0.0 012 0i4 016 Oi8 1i0 In the case of sheep, rice and chickpea, the proposed method of construction the pseudo
sampling percentage database is more reasonable than their dbSNP in the variant calling.
= \We investigated the effect of the database size in terms of the error rate. The proposed method can be applied to the variant callings of other species for which
= Error rate was defined as the ratio of the number of mismatched bases not listed in the the size of the database Is not large enough.

dbSNP to the total number of mismatched bases in a sample.

= We constructed 10 test databases of different sizes, each of which was composed of
variants randomly selected from the dbSNP from 10% to 100% at 10% interval.

= For all species, the error rate decreased as the ratio increases and there existed a gap
between the error rate of human and those of other species [Fig. 1].

= This i1s because the number of variants in the doSNP of other species Is either not large
enough or smaller than that of the human dbSNP.

= These results suggests that we need to construct ‘pseudo database’ for the species other
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